G-protein coupled receptors (GPCRs), a major gatekeeper of extracellular signals on plasma membrane, are unarguably one of the most important therapeutic targets. Given the recent discoveries of allosteric modulations, an allosteric wiring diagram of intramolecular signal transductions would be of great use to glean the mechanism of receptor regulation. Here, by evaluating betweenness centrality (C B ) of each residue, we calculate maps of information flow in GPCRs and identify key residues for signal transductions and their pathways. Compared with preexisting approaches, the allosteric hotspots that our C B -based analysis detects for A 2A adenosine receptor (A 2A AR) and bovine rhodopsin are better correlated with biochemical data. In particular, our analysis outperforms other methods in locating the rotameric microswitches, which are generally deemed critical for mediating orthosteric signaling in class A GPCRs. For A 2A AR, the inter-residue cross-correlation map, calculated using equilibrium structural ensemble from molecular dynamics simulations, reveals that strong signals of long-range transmembrane communications exist only in the agonist-bound state. A seemingly subtle variation in structure, found in different GPCR subtypes or imparted by agonist bindings or a point mutation at an allosteric site, can lead to a drastic difference in the map of signaling pathways and protein activity.
where C i is the number of amino acid types at position i along the sequence, α denotes amino acid species, p α i is the frequency of an amino acid α at the position i, and p α is the frequency of an amino acid α in the full MSA, which serves as the background frequency. Note that the quantity "S = UniProtKB and Pfam database, respectively. After filtering the redundancy, 208 sequences and 24,507 sequences were remained for AR and GPCR family. For GPCR, sequence clustering was performed with 40% identity to reduce the sequence space size, and 2,471 sequences were obtained. Based on these sequences, the multiple sequence alignment (MSA) was produced using the log-expectation (MUSCLE) program [25] .
Generating the minimal energy structures and conformational ensemble of the human A 2A adenosine receptor. The conformational flexibility of GPCRs makes it difficult to obtain high-resolution X-ray crystal structures, particularly, in the active state. Although several X-ray crystal structures of the A 2A AR are determined in their antagonist or agonistbound forms [26, 27] , structural information in the apo form or fully active state is not yet available [28] . To prepare the human A 2A AR models (residues from I3 to Q310) including all the loop regions, homology modeling was performed using MODELER program implemented in Discovery Studio v.3.1. We used the structures with PDB IDs, 3EML [27] and 3QAK [26] as templates for the apo and agonist-bound forms, respectively, and 2YDV [29] and 3PWH to generate models for the loop regions that were not determined in 3EML and 3QAK. Conserved disulfide bridges, C71-C159, C74-C146, C77-C166 and C259-C262, were retained, and the agonist ligand was inserted to the agonist-bound-form model. The models were optimized with simulated annealing and selected based on the DOPE score. The final homology structures were obtained under GBSW implicit solvent hamiltonian by using conjugate gradient method.
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To generate the minimum energy structures and thermal structural ensemble of the A 2A ARs, we performed molecular dynamics simulation for 300 nsec with the NAMD v2.8 package using the CHARMM22/CMAP force field [30] . To construct an explicit membrane system, the TM region of the A 2A AR was predicted based on the Orientations of Proteins in Membranes (OPM) database and the palmitoyloleoylphosphatidylcholine (POPC) membrane was placed around the TM region of the receptor. Then, the receptor in membrane system was solvated with the explicit water molecules and ionized with 150 mM KCl. The whole system was energy minimized in the order of lipid membrane, waters, and the entire molecules, followed by the heating, equilibration and production runs for 300 nsec under NPT ensemble. The trajectories of production run were monitored in terms of total conformational energy, tilt angle of TM6, and root mean square deviation relative to the initial (t = 0) structure. In accord with the common notion for GPCR dynamics, the tilt angle of TM6 varied between 135
• and 150
• for the apo form, and between 120
• and 145
• for agonist-bound form ( Figure 1B ). Finally, the minimal energy conformations from the simulated trajectories were obtained for the apo and agonist-bound forms. Our minimal energy conformation for the agonist-bound form has a tilt angle 133
• in TM6, whereas the agonist-bound crystal structure 3QAK has a tilt angle of 142
• .
Statistical assessment of a prediction method. Since there are 18 microswitches in class A GPCRs, the probability (p m ) of correctly identifying at least one microswitch out of 308 residues of GPCRs is given by p m = 18 308 ≈ 0.06. Then the expectation value of identifying microswitches by randomly drawing n residues is n rand = n × p m . Thus, if N m microswitches are identified with a certain method, one can evaluate prediction efficiency of the method by calculating the ratio between N m and n rand , i.e.,
Construction of the residue interaction network. We constructed the residue interaction network by representing each amino acid residue as a single node. To take into account the effect of side chain, we considered two coarse-grained centers per residue, i.e., Cα carbon for backbone and a farthest heavy atom from Cα for the side chain. By doing so, we included the cases of backbone-backbone, backbone-side chain, side chain-side chain contacts. In our 5 network model, a link was established between two Cα-carbons when any pair of backbone and side chain of two residues is less than 7Å [31] , thus the side chains are implicit in the network.
Network centralities. Simplifying architecture of complex system into a network (graph), which is represented with "nodes" (vertices) and "links" (edges), can be used as a powerful tool to extract key properties of the system topology and its components [32] . Originally devised for analyzing social phenomena and later actively extended to reveal hub proteins central to the cellular, regulatory, metabolic networks as well as network property of each organism [33] [34] [35] , network analysis can be carried out for studying protein structures as well. In the last decade, much attention has been paid in this direction. As a general statistical property of protein structure networks, networks of folded proteins display small-worldness, but are not scale-free [36] [37] [38] . By quantifying key network properties for monomeric protein structures, one can address issues such as the plasticity of protein structures, folding of protein domains, and identify key residues along the folding pathways [39] [40] [41] [42] . In fact, the network analysis of protein structures can be extended further to identify key residues for allostery and their wiring diagram. Several studies have recently been carried out to address the microscopic mechanism of protein allostery by applying the strategies of network or community analysis in conjunction with molecular dynamics simulation on model systems [43, 44] including GPCRs [45] . To address the issue of allostery, we utilized the betweenness centrality, one of the most fundamental concepts in network analysis explained below, in identifying allosteric hotspots by surmizing that allosteric hotspots are the mediators of information flow in a network topology of a given protein structure.
Here the definitions are given for the three representative types of centrality for a node in a network: (1) The degree centrality C D (v) measures the number of edges linked to a node v.
Note that C D (v) is identical to the number of contacts with its neighboring residues. (2) The closeness centrality C C (v), an inverse of mean geodesic distance (shortest path length) from all other nodes to the node v, measures how fast a signal from the node v can be transmitted to other nodes.
where d(i, v) is the minimal number of edges that bridge the nodes i and v. For a given network 6 topology, d(i, j) can be calculated by using Dijkstra's algorithm [46] . (3) The betweenness centrality is the measure of the extent to which a node has control over transmission of information between the nodes in the network, which is defined as [22] :
where s = t = v. In the above definition, σ st is the number of shortest paths linking the nodes s and t, and σ st (v) is the number of shortest paths linking the nodes s and t via the node v [22] .
To calculate C B (v), we used Brandes algorithm [47] , which can reduce the computational cost of Eq. 5 substantially. The factor
is the normalization constant. The significance of betweenness centrality is succinctly illustrated in Figure 2 using a graph where both C D and C B values are computed at each node. The node x has a greater connectivity (C D = 6) to other nodes but its removal from the network does not destroy the communication among other nodes. In contrast the node y has less connectivity (C D = 4) than x; yet upon removal of y the whole graph would be split into three pieces. In the light of communication or the flow of information the node y is the most critical. Note that y has the highest C B value among the whole nodes. Although a few studies [24, [48] [49] [50] might appear similar in spirit to our work in that they also use centrality measures and shortest paths to decipher the allostery, it should be noted that different centrality measure has different assessment of each node. The betweenness centrality, which evaluates the importance of each node based on the amount of traffic or the amount of inter-node communication, is one of the most ideal measures to identify allosteric hotspots for a given protein structure.
Results and Discussion
Microswitches: benchmarks for prediction tools on GPCR allostery. The activation mechanism of receptors belonging to class A GPCRs, which include adenosine, β 1,2 -adrenergic, rhodopsin, chemokine, dopamine, histamine receptors, is believed to be accompanied by a global rearrangement of TM helices that helps accommodate the binding of G-proteins. In particular, the newly resolved X-ray crystal structure of the active form of β 2 -adrenergic receptor complexed with heterotrimeric G-protein [51] Figures 3A and 3B ). Figure 3C visualizes how rotameric transition is made from the inactive to active state and highlights the difference in the orientation of the side chain in some of the microswitches by contrasting the apo and agonist-bound states.
The allosteric hotspots of A 2A adenosine receptor mediate the flow of information.
As a tool for studying protein allostery, the network centrality, a measure that quantifies the degree of centralization of a node in network theories, can be employed to unravel the hotspot residues of a given protein network. Among the popular centrality measures in network theories [21] (degree (C D ), closeness (C C ), and betweenness (C B ) centralities, whose definitions are given in Materials and Methods), the betweenness centrality, C B (v), evaluates the extent to which the node v has control over the information flow in the network [22] . Conceptually, it could be argued that a node of high C B value is the spot mediating the allosteric signal flow (Materials Since the probability of correctly identifying at least a single microswitch from random drawing is p m = 18/308 ≈ 0.06, the expectation value of identifying microswitches by selecting 39 residues is 39 × p m ≈ 2.3 (see Materials and Methods). Given that we identified as many as 11 residues the performance of our C B -based analysis should be considered significant. Among the residues identified by this condition other than microswitches, F44 Figure 4D ) compose a region called the hydrophobic barrier that separates CWxP and NPxxY motifs from DRY motif [56] ; F168 in ECL2, H278 7.43 , and T88 3.36 (green in Figure 4D ) are the residues known to be important for ligand binding in AR family [26] .
F168 can potentially interact with adenine ring of nucleoside ligands via π-π stacking. T88 3.36 in the TM3 helix that can form a hydrogen bonding with an agonist is important for sensing the agonist binding and transmitting signals to the intracellular G-protein binding site [26, 57, 58] ; L48, M177, V84, T88, Q89, S91, H250 (marked with asterisks in Figure 4D ) are also found essential for receptor function of A 2A AR according to the mutation data in GPCRDB [59]; Lastly the residues identified by C B ≥ 0.05 but not commented above to have any overlap with the previous biochemical studies (M193, V55, I60, I64, I66, L85, L87, I92, F93, A97, Y112, I125, I135, F182, L247) could be regarded as candidate residues for allosteric hotspots of A 2A AR that our C B -based analysis predicts, which are amenable to further experimental study.
In conjunction with C B value, the extent of sequence conservation in each residue, ∆G(AR)/k B T * (Eq.1), based on the multiple sequence alignment of adenosine receptor subfamily, could be useful for the purpose of our analysis. Here, it should be noted that ∆G(AR) is different from ∆G(GPCR) in Figure 3A . ∆G(AR) is calculated by restricting the MSA to the subfamily of adenosine receptors while ∆G(GP CR) is calculated using the entire MSA for class A GPCRs. Partitioning the residues into four different groups based on the ∆G/k B T * and C B scores ( Figure 4C ), i.e., C B ≥ 0.05, ∆G/k B T * ≥ 1.5 for group I; C B ≥ 0.05, ∆G/k B T * < 1.5
for group II; C B < 0.05, ∆G/k B T * ≥ 1.5 for group III; C B < 0.05, ∆G/k B T * < 1.5 for group IV, we make a few points below.
(a) First, the definitions of C B and ∆G/k B T * are totally independent from each other. Evident from the scatter plot shown in Figure 4C , no clear correlation is found between C B and ∆G(AR)/k B T * . Yet, the commonly identified residues with the conditions of high C B (≥ 0.05) and high ∆G/k B T * (≥ 1.5), namely the group I residues contains as many as 8 microswitches and 4 other hotspot residues. The group I residues (C B ≥ 0.05, ∆G/k B T * ≥ 1.5)
are clustered at the core region of TMs (magenta region in Figures S2A and S2B ), the contiguous surface of which is known to form hydrogen-bond network with the conserved polar residues and structural water molecules [20, 60] . Of particular note is that evolutionarily covarying residues identified from the statistical coupling analysis (SCA), by definition, cannot have a high ∆G/k B T * value; thus SCA cannot detect residues in group I. The efficacy of C B score in identifying microswitches as well as other hotspots is compared with SCA for the case of rhodopsin in the following section and Figure 6 .
(b) For AR family, most of the residues with low C B but with high ∆G score (residues belonging to the group III) are distributed around the ligand binding site and in the cytoplasmic side ( Figure S2B ). The high sequence conservation in the ligand binding sites, identified from the MSA of AR subfamily, is consistent with our general notion that adenosine receptors are specific to the adenosine ligand, which allows the receptor to effectively discriminate other ligand types. On the other hand, when MSA is carried out for the entire sequences of the class A GPCR family, the conserved residues are identified more at the cytoplasmic region where G-protein binds ( Figure 3B ). These findings suggest that the subtype specificity or functional classification is correctly captured in residues with high ∆G value as long as a good MSA is used.
(c) There are slight differences in the C B scores between the apo and agonist-bound forms.
The contribution of residues satisfying the condition |C Figure 4D ), which suggests that among the allosteric hotspots (groups I and II) the less conserved residues (group II) are more sensitive to the apo → ago (or inactive→active) conformational change.
As presented above, the C B -based network analysis of the A 2A AR structure enables us to identify the allosteric hotspots of A 2A AR that show neither the sequence variation nor a detectable conformational change in the transition from the apo to agonist-bound form.
Next, we will show that the performance of C B -based analysis in identifying the location of microswitches is remarkable by making quantitative comparisons with other conventional approaches.
Comparison with other approaches.
Statistical coupling analysis (SCA):
A strong signal of covariation between two remote residues in a multiple sequence alignment, which is exploited as a basic principle to identify clusters of residues under long-range coupling in a bioinformatical method called statistical coupling analysis (SCA) [11] [12] [13] [14] , is viewed as a consequence of allosteric communication mediated by multiple groups of residues that lie in the midst of signaling pathways. While it was proposed that the method using SCA on GPCR identified the "sparse network of coevolving amino acids" (or sectors) [61, 62] that bridges the ligand-binding site to the cytoplasmic G-protein interaction site, forming the allosteric signaling pathways [12, 13] , it fails to detect several highly conserved 11 microswitches. Figure 6 shows the list of allosteric hotspots identified for bovine rhodopsin by SCA from two different studies ( Figures 6A and 6B ) and the residues with high C B (≥ 0.05) ( Figure 6C ). Although the two methods are based on entirely different assumptions, one solely based on sequence information, the other on network topology, allosteric hotspots identified for rhodopsin are mainly distributed around the TM region. It should, however, be noted that C B -based network analysis is much more efficacious in identifying the microswitches, which are considered critical in the activation mechanism of class A GPCRs. For rhodopsin, SCA using two slightly different definitions of ∆G/k B T * in Ref. [12] and Ref. Structural perturbation method (SPM). The SPM is used to identify key residues controlling the conformational dynamics by assessing the importance of a residue in the elastic network representation under local perturbation [15, 16] . The perturbation is invoked by changing the force constant of the springs that link the residue and its neighbors. When the overlap of mode M ( v M ) with the vector defining the transition of apo to agonist-bound form ( r apo→ago = R ago − R apo ) is significant, i.e., when cos ( r apo→ago · v M ) is large, the frequency change of a mode M under the perturbation of i-th residue is calculated using δω(M, i) = v T M · δH · v M , where δH is the Hessian matrix of the following perturbed energy potential for elastic network model:
analogous to the first-order energy correction term for the M -th eigenmode in non-degenerate perturbation theory [15, 16] . Thus, if a perturbation on the i-th residue leads to a large change in δω(M, i), the residue i is considered to be important in the SPM.
We found that in both for apo and agonist-bound sttructure the mode 7 (excluding the 3 translational and 3 rotational modes, the mode 7 is the lowest eigenmode) has maximum overlap with the conformational change r apo→ago ( Figure 7 ). As shown in Figure 7 , key residues with high δω are mainly distributed in the extracellular and intracellular regions of TM helices, which are accompanied with large conformational changes when the transition occurs from the apo to agonist-bound form. Note, however, that even the superposition of six major modes, which have large overlap with conformational changes, is not good enough to identify microswitches that are buried deep inside the GPCR structure. Prediction efficiency of SPM that identifies N m = 6 and 5 microswitches out of n = 98 and 97 residues for apo and agonist-bound forms (Figure 7 ) is only ϕ m = 1.1 and 0.9, respectively (see Eq.2). Whereas, ϕ m = 4.8 for C B -based analysis indicates that C B -based analysis certainly outperforms SPM in identifying microswitches. Hence, neither is the SPM suitable for identifying the microswitches of GPCRs, which undergo only a minor change in their positions before and after the activation.
The microswitches are critical for the integrity of signaling network of GPCRs. In theory of complex networks, a network's tolerance to an error or vulnerability to an attack is evaluated using the relative change in the average network centrality when a node, say x, is removed [33] , which can be written as follows:
where
is the average network centrality, and C x ξ is a value evaluated for a newly constructed network when the node x is removed from the original network. The idea of network vulnerability is, in fact, routinely practiced in molecular biology in the form of protein mutagenesis assay, which measures the effect of mutations on the degree to which proteins can retain their activity. Adapting the idea of network vulnerability, we performed in silico glycine scanning of the constructed residue interaction network of the A 2A AR. As straightforwardly implicated by the term "glycine scanning", we mimicked the protein mutagenesis assay by deleting the side chain of each residue and evaluated the deletion effect on the network. Our glycine scanning analysis differs from the previous study applying network analysis [24] in that only a side chain, rather than the entire residue, is deleted for each scan. It is important to keep Cα backbone because, even in the absence of the side chain, intra-molecular residue contacts 13 can still be formed via backbone-side chain or backbone-backbone interactions. Note that here a readjustment of local environment due to the side chain removal is not considered. Our aim here is to make a quantitative assessment of the role of the side chain in the original residue interaction network. The greater is the role played by the removed side chain in maintaining the network structure, the more significant would be the response of average network centrality to the removal of that particular residue. We assess the effect of deleting side chains by calculating the changes in average closeness ( C C ) or betweenness centralities ( C B ), both of which turn out to be highly correlated ( Figure 8A ).
Our glycine scanning analysis identified the group of residues critical for the integrity of interaction network that is responsible for the receptor allostery. The residues with strong network vulnerability (|Γ C ξ | ≥ 0.003) are identified in the regions around CWxP and NPxxY motifs ( Figure 8B ) [27] , which retain proline that creates a kinked helix in the middle of TM6 or TM7 [20] . In the inactive state of GPCRs, interactions between the cytoplasmic ends of TM3 and TM6 constrain the relative motion of these segments by forming an ionic-lock between
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3.50 and E228 6.30 [20] . Disruption of such constraint, triggered by agonist binding, enables TM6 to move outward from TM3 (see DRY motif & ionic lock in the Figure 3C ). NPxxY motif, which interacts with TM6 or helix 8, imposes structural constraints in GPCRs and stabilizes the helical structures [63, 64] . In addition, C166, which constrains ECL1 and ECL2 by forming a disulfide bond with C77, is detected to have high network vulnerability. It is of note that the constrained random coil structure of ECL2 is unique to A 2A AR in that the ECL2 of other GPCRs typically forms β sheet or α-helix [27] .
Distinct C B -based wiring diagrams reflect GPCR subtype specificity. Here we extend the C B -based network analysis to other class A GPCRs, including β 1 , β 2 adrenergic receptors (PDB IDs: 2VT4 and 3NYA), chemokine CXCR4 receptor (3ODU), dopamine D3 receptor (3PBL), histamine H1 receptor (3RZE), and bovine rhodopsin (1U19) [65] . Similar to the A 2A AR, the network of residues with high C B (≥ 0.05) in these class A GPCRs form contiguous surface that bridges between the ligand binding and G-protein binding sites ( Figure S4 ). In most GPCRs the high C B residues are mainly distributed around the "minor binding pocket", located in the shallow part of the ligand binding site between the TM1, 2, 3 and TM7, which serves as an onset point of orthosteric signal transduction process [66] . In particular, when the C B is restricted to a value greater than 0.075, the high C B residues bridge the extracellular region of TM3 to the TM6, 7 helices. For the class A GPCRs, the highly vulnerable residues identified by the glycine scanning analysis are mostly distributed in TM3 and TM7 ( Figure S5 ).
Note that K296 7.43 in bovine rhodopsin, known to contribute to the activation of rhodopsin by forming a covalent bond with retinal [66] , is also identified (the residue marked with a yellow arrow in Figure S5G ). Along with the variation of residues (F168 in A 2A AR; R183 and Y190 in CXCR4 receptor; and K179 in H1 receptor) and wiring diagram in ECL2 detected by glycine scanning analysis, the variations in the high C B -surfaces demonstrated in the class A GPCRs ( Figure S4 ) are deemed responsible for their subtype selectivity [66] .
Long-range transmembrane cross-correlation in the agonist-bound active state. As suggested by the G-protein bound structure [1] , it is expected that the agonist binding site in the extracellular side and intracellular region are functionally coupled in the active forms of GPCRs, and this coupling is mediated by a structural reorganization of seven membered TM helices. To quantify such long-range coupling in the dynamics of A 2A AR, we calculated cross-correlation between residues in terms of C B (Eq. 2) by using the conformational ensemble of the A 2A AR generated from the 300 nsec MD simulation trajectory (see Materials and Methods and Figure   S9 ).
where . . . refers to an ensemble average; thus C B (i) denotes the average betweenness centrality for the residue i. As shown in the cross-correlation matrices for apo and agonist-bound form ( Figures S6 and S7 ), the signatures of correlation between residues are scattered all over the structure. To identify residue pairs with long-range cross-correlation we imposed the conditions of CC ij ≥ 0.5 and d ij > 6 ( Figure 9A ). Importantly, while in the apo structure the residue pairs under high cross-correlations are distributed only around the cytoplasmic side of the TMs ( Figures 9A, S7) , functionally important long-range couplings are detected between the ligandbinding and cytoplasmic G-protein binding sites in the agonist-bound form ( Figures 9A, S7 ).
This result from the agonist-bound form is consistent with the view that a bound agonist makes tight interactions with the surrounding residues and increases the receptor activity above its basal level [1] . The long-range coupling between the ligand binding site and G-protein binding site for the agonist-bound form is also grasped by computing the mean square fluctuation using structural ensemble (see Figure S8) .
Notably, there are multiple parallel paths linking the correlated residues [67] , the degeneracy of which varies from 1 to as many as 480 depending on the residue pair (For the details of entire paths between the correlated residues, see Part 1 and 2 in Supporting Information II).
The presence of multiple parallel pathways is consistent with the recent new view of allostery [50, 67, 68] . As some of the representative allosteric paths, linking the residues in extracellular and intracellular regions, are demonstrated in Figure 9B , the 80 % of transmembrane signaling paths go through the residues with high C B , which includes the microswitches as well as other functionally important residues (see the residues represented with cyan spheres in Figures To systematically group correlated residues, we carried out hierarchical clustering analysis on the acquired matrices and represented the result using dendrogram ( Figure S7 ). From the two clusters of positively correlated residues (cluster 1 and 2), the clusters of residue pairs with the strongest signal are shown on each clustered cross-correlation map of the apo and agonistbound form with residue indices. The cross-correlated residue paris obtained using hierarchical clustering analysis ( Figure S7 ) are similar to those from the simple condition of CC ij ≥ 0.5 and d ij > 6 that we imposed in Figure 9 . The residues within each of cluster 1 and 2 are the parts of structure that "breathe together" in terms of C B values. Also, it is noteworthy that in terms of the correlation of C B value there is a strong anti-correlation between cluster 1 and cluster 2, which suggests that "breathing" of residues in cluster 1 and cluster 2 occurs out-of-phase.
Lastly, it is worth considering the signaling paths on a weighted graph. To this end, we employed the "dynamical network community analysis" [43] , implemented to the molecular visualization package VMD. In this analysis, an inter-residue cross-correlation calculated from an ensemble of structures from long MD simulation is used for the weight of edges in the network. Using the NetworkView module in VMD and our 300 ns MD simulation as an input, we calculated the optimal and a set of suboptimal paths (offset= 20) between residue pairs that show long-range cross-correlation (Supporting Information II -Part 3). In most of the cases, the allosteric signaling paths computed on unweighted and weighted graphs for agonist-bound form are qualitatively similar; yet, it is interesting to point out the large detour in the signaling paths of the residue pairs 116-4 and 116-10 on weighted graph (see Figure S5 in Supporting Information II).
Conclusions
Deciphering the protein allostery has long been one of the grand challenges in molecular, structural, and computational biology. We elucidated allosteric hotspots and signaling pathways of the A 2A AR and other class A GPCRs by using the measure of betweenness centrality for each residue in protein structure network, the glycine scanning analysis, and the crosscorrelation analysis based on the structural ensemble from MD simulations. Just like the role of native topology has been illuminated in the folding and unfolding mechanisms of proteins [69] [70] [71] [72] , the success of analysis using graph representations of protein topology underscores the importance of native protein topology as one of the most critical determinants for intramolecular allosteric signaling. It is of special note that signals generated from protein dynamics, which include changes of inter-residue force, contact, or even local packing, are transmitted via the contacts formed between two neighboring residues. From the perspective of signal transduction, the betweenness centrality, defined with the number of parallel pathways on a given node, is physically a sensible way to quantify the amount of traffic on the node, thus to identify allosteric hotspots for a given protein structure. Given that residues of GPCRs associated with allostery and their signaling pathways are hard to capture using other conventional methods exploiting the information of sequence coevolution or variants of normal mode analysis (Figures 6 and 7) , the success of C B -based analysis presented here is remarkable.
At the current stage, not only in the context of allosteric modulations in drug design [73] [74] [75] but also in the ligand binding (or release) induced conformational change in biological motors [76, 77] , the importance of allostery in understanding the protein dynamics is highlighted more than ever. From the methodological perspective of this study, our C B -based network analysis on protein structures is found quite powerful in identifying allosteric hotspots, and the results of analysis are in strong correlation with biochemical studies. The list of key residues for allostery and their cross-correlation identified here should be of great help to design experiments as well as contribute to our understanding to the dynamics of GPCRs. Our simple approach can not only be extended to study the allostery of other important proteins but also to study the allosteric communication within protein-protein or protein-RNA complexes [43] . 
